The additive and additive-by-additive genetic variance components of productive traits in two strains of laying hens were estimated. A total of 8035 individuals (base and recorded) from eleven generations were included in the analysis. Body weight, age at sexual maturity, average egg weight and initial egg production were considered. Before the estimation of the variance component, modeling of fixed effects (generation and hatch period) and covariables were performed. The data were transformed by use of the Box-Cox method. The DFREML algorithm under a single trait animal model was employed. It was concluded that additive-by-additive epistasis effects are not important for the studied performance traits. The results also indicate that deviations from normality influence the magnitude of variance component estimates in a highly indirect manner. This leads to an increase of heritability estimates.
INTRODUCTION
Poultry breeding programs are aimed at improving the genetic potential for egg production through selection and mating plans. Hence, the considerations on optimization of genetic improvement have concentrated on the utilization of both additive and nonadditive genetic effects. Nonadditive genetic variation can be further divided into dominance (as interaction of genes at the same locus) and epistatic variance (as interaction of genes at two or more loci).
There are several reasons for estimating nonadditive genetic variances (see e.g. Wei and Van der Werf, 1993) : an unbiased estimation of heritability, more accurate prediction of breeding values, usage of nonadditive genetic effects in crossbreeding or special mating strategy. Many crossbreeding experiments, performed in laying hen populations, indicated an important role of the nonadditive genetic effects in egg production (Sheridan and Randall, 1977; Flock et al., 1991) , egg weight (Fairfull et al., 1983; Flock et al., 1991) , age at sexual maturity (Abplanalp et al., 1984) and body weight (Flock et al., 1991) . Nonadditive genetic effects are, first of all, connected with the heterosis phenomenon. However, investigations conducted in purebred livestock populations resulted in the registration of relatively large, nonadditive genetic variability of some productive traits (Hoeschele, 1991; Fuerst and Soelkner, 1994) . From a theoretical point of view, the estimation of nonadditive genetic variances may be performed using the classical sire and dam model. Thus, these variance estimates may be expressed as some functions of dam and sire variance components (see e.g. Lin and Lee, 1989; Tempelman and Burnside, 1990 ). In practice, this procedure of obtaining nonadditive genetic variance estimates seems to be questionable.
A more accurate approach for estimating these variance estimates is provided by the currently applied restricted maximum likelihood method (REML) (Patterson and Thompson, 1971) under an individual animal model (Quaas and Pollak, 1980; Henderson, 1988) . REML estimation of variance components under an animal model is computationally demanding. However, this approach has several advantages (compared to the conventional approach), which have been discussed by W^zyk and Szwaczkowski (1997) . Generally, the investigation of variability of gene interactions is difficult because the proportions of variance shared by relatives may be small and confounded by other genetic or environmental effects.
The present paper is a continuation of studies by Szwaczkowski (1995) . The investigations have been carried out on the same laying hen populations. The dominance genetic variance estimates obtained by use of REML under an animal model were negligible.
The objective of this study was to estimate direct additive and nonadditive genetic variances of productive traits in laying hens.
MATERIAL AND METHODS

Data
The data, recorded between 1982 and 1992 , were provided by the Department of Poultry Breeding of the Polish Central Animal Breeding Office from the Pedigree Laying Hen Farm in Iwno. A total of 8035 individuals of two strains (White Leghorn denoted as H77, and New Hampshire denoted as N88) was included. In all, 4352 recorded birds and 397 base (unrecorded) birds of H77 and 2968 recorded birds and 318 base (unrecorded) birds of N88 were analyzed. The collected data have an identical structure for both strains. All the individuals studied in 1992 (2963 individuals of H77 and 1976 individuals of N88) as well as their ancestors (dams) back to 1982 were recorded. Dams initiated in 1981 and all sires were treated as base animals.
The following traits were included: -body weight at 18th week of age (in grams) [BW] , -age at sexual maturity (in days) [ASM] , -average egg weight between 33rd and 35th week of age (in grams) [AEW] , -initial egg production (in pes) [IEP] .
No inbreeding was registered in these strains. The characteristics of the dataset are given in Table 1 . 
Exploratory analysis
Two fixed factors were considered to be important: generation (year) with eleven levels, and hatch periods with four levels. Preliminary variance analysis was performed in a fixed linear model for cross-classified experimental design (including the year x hatch period interaction).
Moreover, dependencies (regression coefficients) between some traits were also evaluated. Age at sexual maturity and body weight were used as covariables for initial egg production and egg weight. The results of exploratory analysis are summarized in Table 2 .
Transformations of data
First, the skewness and kurtosis of trait distribution were examined. The BW (for strain N88), AEW and IEP show negative skewness (other traits show posi- G -the fixed effect of generation, H -the fixed effect of hatch period, G*H -the fixed effect of generation x hatch period interaction tive skewness), whereas BW and IEP (for strain N88) show negative kurtosis. To reduce the non-normality and heterogeneity of error variance (and in consequence, additivity of the linear model), the Box-Cox transformation (Box and Cox, 1964) was employed. It should be noted that transformation of a non-normally distributed trait may improve the linearity of genotypic regression and increase heritability. This power transformation technique is expressed as follows:
y-i y(t) = for t * 0 tG M y y(t) = logy for t = 0 where: y(t) is the transformed variable (trait) for a given parameter t, y is the untransformed variable, t is the known parameter, Gy is the geometric mean of untransformed variable.
To find the optimal t the quasi-iterative procedure for minimizing skewness (first analyzed parameter) and kurtosis (second analyzed parameter) is used (see e.g. Strabel and Szwaczkowski, 1997) . Both the transformed and untransformed data were used in estimating variance components. To enable comparison of results between different data-sets (different traits, transformed and untransformed) each observation was divided by the mean.
Model
To estimate the direct additive and additive-by-additive genetic variance components the following single trait mixed model is used: y = Xb + Z(a + f) + e, where: y is the n x 1 observation vector, b is ap x 1 vector of unknown fixed effects or covariables (more details for each trait are given in Table 2 ), a is aq x 1 vector of unknown random additive genetic effects, f is aq x 1 vector of unknown random additive-by-additive genetic effects, e is an x 1 vector of random error effects, X and Z are the n x p and n x q design matrices relating the observations to their fixed effects, and covariables as well as random effects, respectively.
The first and second moments of the model were assumed to be the following:
y Xb A is the q x q additive genetic relationship matrix, F is the q x q additive-by-additive genetic relationship matrix which is calculated as the Hadamard product of A with itself (i.e. f.^a 2 ..}), I is an identity matrix of order n, G 2 a , G 2 ,, a 2 e are the additive, additive-by-additive and error variances.
Estimation of variance components
The variance component estimates were obtained by application of the derivative-free restricted maximum likelihood (DFREML) algorithm described by Graser et al. (1987) for one random factor. This procedure was extended by Meyer (1989) to include additional random effects. The DFREML package programs of Meyer (1993) were used to estimate additive genetic, additive-by-additive genetic, and error variances. Additionally, estimation of additive-by-additive genetic variance requires the inverted relationship matrix F 1 . The algorithm for inversion of this matrix described by Van Raden and Hoeschele (1991) is used here.
The convergence criterion was 1 x 10~6 the variance of twice the logarithms of the likelihood in the simplex.
RESULTS AND DISCUSSION
The results of exploratory analysis were studied first (Table 1) . It showed different incidence matrices for fixed effects on single traits (particularly in N88). Moreover, these results also indicated a relatively large difference in distributions of the same traits of both strains (see value t - Table 2 ). In general, both strains kept under the same environmental conditions showed differences in the degree of reaction to changes of hatches and generations. with their standard errors. Generally, the estimates of additive-by-additive variances and, in consequence h 2^, were uniformly near zero (the variance estimates were less than 0.0001, except of BW and ASM in strain N88). In the case of ASM in strain N88, all three variance estimates are very low compared to analogous estimates for other traits. It should be noted that similar magnitudes of dominance genetic variance estimates for these traits of the same data were obtained in earlier studies (Szwaczkowski, 1995) . Analogous investigations concern three lines of laying hens, conducted by Wei and Van der Werf (1993) , and indicate a relatively large proportion of dominance variance in phenotypic variance, for instance from 0.11 to 0.20 (for egg number) and from 0.02 to 0.13 (for egg weight).
To our knowledge, no animal model-REML estimates of additive-by-additive genetic variance for laying hen performance traits are currently available, so discussion is unavoidably restricted to general considerations concerning mainly analysis of epistatic effects in crossbreeding experiments. Fairfull and Gowe (1993) reviewed the major role of epistasis for egg production in chickens, whereas other authors (Eisen et al., 1967 ) concluded a minor influence of nonadditive gene action on other traits, for example body weight. An evaluation of non-additive genetic effects in crossbreeding experiments is relatively simpler than in purebred populations. Generally, the effects are obviously larger than within selected lines. Moreover, their estimation is carried out by contrasts between the respective combinations of parent and crossbreed groups. In this case, many nonadditive genetic effects may be simultaneously estimated (e.g. dominance, additive by dominance, (1989) to include additional random effects. The DFREML package programs of Meyer (1993) were used to estimate additive genetic, additive-by-additive genetic, and error variances. Additionally, estimation of additive-by-additive genetic variance requires the inverted relationship matrix F 1 . The algorithm for inversion of this matrix described by Van Raden and Hoeschele (1991) is used here.
To our knowledge, no animal model-REML estimates of additive-by-additive genetic variance for laying hen performance traits are currently available, so discussion is unavoidably restricted to general considerations concerning mainly analysis of epistatic effects in crossbreeding experiments. Fairfull and Gowe (1993) reviewed the major role of epistasis for egg production in chickens, whereas other authors (Eisen et al., 1967) concluded a minor influence of nonadditive gene action on other traits, for example body weight. An evaluation of non-additive genetic effects in crossbreeding experiments is relatively simpler than in purebred populations. Generally, the effects are obviously larger than within selected lines. Moreover, their estimation is carried out by contrasts between the respective combinations of parent and crossbreed groups. In this case, many nonadditive genetic effects may be simultaneously estimated (e.g. dominance, additive by dominance, dominance by dominance etc.). In analyses of non-crossbreeding populations the genetic effects are treated as random. Their prediction requires the estimation of respective variance components (associated with computation of the inversion of relationship matrices). However, it is now computationally rather impossible to obtain estimates of several genetic variances using REML under an animal model. The study was performed on selected strains. However, these productive traits (not always positively correlated) were included in the selection index. This is the main reason for very low additive-by-additive genetic variances of these traits. More details concerning the rules of breeding strategies in laying hens in Poland are given by W^zyk (1978) and W^zyk and Szwaczkowski (1997) .
Generally, the heritability estimates (h 2 a ) of analyzed traits are similar to those obtained in recent studies (Rabsztyn, 1990; Besbes et al., 1993; Szwaczkowski and W^zyk, 1994) . As expected, the lowest h 2 a estimates have been obtained for IEP. It should be stressed that inclusion of the additive-by-additive genetic effects in the model modified heritability (in a narrow sense) estimates. Analyses of a simpler model (with the same incidence matrices for fixed effects, and additive genetic effects) were performed in an earlier study (Szwaczkowski, 1995) . In this case, BW, AEW (for H77 strain) and IEP (for N88 strain) h] estimates for the simple model were higher compared to the results obtained in the present study. In other cases, the respective estimates were similar or lower than in the simple model. As already mentioned, for ASM in strain N88 the estimates of participation of additive-by-additive genetic variance in total variance were largest (h 2 a = 0.0785). Inclusion of the effect into the linear model caused an increase of heritability estimates (h 2 a ) from 0.0086 (simple model) to 0.2380. Such a change is rather difficult to interpret since the same data-file and the same model (excluding additive-byadditive genetic effects) were employed. Age at sexual maturity was characterized by relatively small additive genetic and error variance component estimates. Hence, it seems that from a numerical point of view the estimated function of these variance components may be biased due to some approximations.
The obtained estimates of variance components and heritabilities require also looking into data transformation results. Data transformation resulted in an increase of heritability estimates, while a decrease of both additive and additive-by-additive genetic variance estimates was usually observed. However, in the case of AEW (for H77) as well as BW and IEP (for N88) a significant increase of all variance estimates was noticed, which leads, in consequence, to an increase of heritability estimates. Basically, the relations between magnitudes of variance component estimates before and after transformation are not directly connected with the skewness and kurtosis of trait distributions.
Dividing the observation results by the mean (for both untransformed and transformed data) allows comparison of the variance estimates between the traits and strains. Relatively large differences in variance components estimates within strains and traits were obtained. This points to the large impact of deviations from method and model assumptions (particularly trait distributions) on the magnitude of variances and heritability estimates.
CONCLUSIONS
The present analysis suggests that additive-by-additive epistasis effects are not important for performance traits in both laying hen strains. Thus, according to earlier results (Szwaczkowski, 1995) , the nonadditive genetic effects may be ignored in the linear model for genetic evaluations.
The results indicate that deviations from trait normality strongly influenced the magnitude of variance component estimates (however, not only the error variance estimate was modified). It was confirmed that transformation of data to normality increased heritability estimates.
STRESZCZENIE
Zmiennosc genetyczna addytywna i epistatyczna typu addycja x addycja cech uzytkowych kur niesnych W pracy szacowano wariancje bezposrednie genetyczne addytywne i bezposrednie epistatyczne dla par loci o dzialaniu addytywnym cech uzytkowych (masy ciala, wieku osia^gania dojrzalosci plciowej, niesnosci poczaJ:kowej oraz masy jaja) dwoch rodow kur niesnych (H77 i N88). Analiza^ objeto 8035 osobnikow pochodza^cych z 11 pokoleh. Szacowanie komponentow wariancji bazuja^ na algorytmie DFREML poprzedzono wstepna^ analiza^ danych obejmuja^cq. modelowanie efektow stalych i zmiennych kowariancyjnych oraz transformacJQ danych. Obliczenia przeprowadzono stosuja^c jednocechowy model zwierzQcia tak dla danych transformowanych jak i nietransformowanych. W zasadzie wszystkie oszacowane wariancje epistatyczne byly bardzo bliskie zeru. Stwierdzono nieukierunkowany wplyw odchyleh od normalnosci rozkladu cech na wielkosc estymatorow komponentow wariancji. Transformacja danych z reguly prowadzila jednak do wzrostu estymatorow odziedziczalnosci.
